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Methods are needed to predict the spatial distribution pattern(s) of forest harvests
to improve large-scale timber inventories through the incorporation of spatial distribution
information. In this study, land cover type change detection methods were carried out
using information from 1972 thru 2005 east-central Mississippi Landsat TM data to
detect the spatial distribution of clearcut forest harvests. A random pattern was observed
for clearcut harvests and this and other statistical data gathered in the study will be
integrated into an existing forest inventory and transportation network database. The
resulting harvested and forested area predictions generated by the database will assist
with determining the sustainability and availability of forest resources for existing and
future forest product mills and the creation of transportation networks needed to supply
raw materials and distribute end products. Other implications include assessment of the
quality and spatial components of wildlife habitat and a tool for forest certification
programs.
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CHAPTER I
INTRODUCTION

To make timber growth and yield models applicable to projecting growth and
drain from large area inventories, procedures are needed not only to project stand growth
from current volumes but to allocate them spatially as well. We propose to accomplish
this task by using Landsat Thematic Mapper (TM) imagery to predict the spatial
distribution of clearcut timber harvests. Current knowledge concerning the spatial
distribution of harvests is extremely limited, particularly in the southern United States.
The ability to predict the spatial distribution pattern of forest harvests from
Landsat TM data has many potential applications. This information can assist industry,
government agencies, and other planners in determining the sustainability of forest
resources in an area of interest and the direct effect it has on employment, communities,
the environment, and aesthetics. Predicted timber volumes can be allocated to Landsat
TM image pixels for large-scale timber inventories by means of random, clumped, or
uniform assignment by incorporating statistical software (R Development Core Team
2009) into prediction models (Matney and Schultz 1999). The resulting harvested and
forested area predictions can be used to address specific needs. Knowledge of the spatial
distribution of forest feedstocks for existing and future mills can be identified and used to
determine optimal ways to utilize existing transportation networks needed to supply raw
materials and distribute end products based on the proximity and volume of forest
1

feedstock. Examples of mills that may utilize this information include mills designed for
production of veneer, oriented strand board (OSB), pulp, lumber, plywood, engineered
beams and timbers, and bioenergy fuels.
This research will also benefit the assessment of quality and spatial components
of wildlife habitat in regard to corridor continuity and fragmentation in the southern
United States. Examples of southern wildlife species affected by habitat fragmentation or
that utilize corridors include the red-cockaded woodpecker (Picoides borealis)
(Thomlinson 1995, Yarrow and Yarrow 2005), eastern wild turkey (Meleagris gallopavo
silvestris) (Yarrow and Yarrow 2005), and eastern indigo snake (Drymarchon corais
couperi) (Hallam et al.1998).
In an attempt to promote sustainable forests where owners and resource managers
use good forest and wildlife management practices, different systems of forest
certification have been established. Forest certification assessment standards have certain
principles and criteria that have to be met to achieve certification status. From a
silvicultural perspective, two key items are adjacency standards and clearcut size limits
(FSC 2010, SFI 2010). Knowledge of the spatial distribution pattern of harvests in
conjunction with distance between harvests and harvest size may be used to assess large
forested regions comprised of various ownerships to determine if a specific ownership
meets certain certification criteria. An examination of all ownerships in a given
landscape is key, since many criteria require client driven landscape-level analyses whose
intensity level is relative to their ownership type (e.g., private versus public) and size of
their landbase. In many cases, various ownerships can rely on analyses performed by
other entities such as universities or consulting firms. For example, a single ownership
2

could be meeting forest certification requirements but when combined with other
ownerships in the immediate vicinity their collective harvesting practices could be over
utilizing forest resources. This may impact certain forest practices for the ownership
under examination (e.g., when looking at and trying to meet representative sample
criteria). In general, the knowledge, brought forth by this project would serve as an
excellent resource to determine a region’s forest health and resource sustainability that
can be used by different ownerships to meet specific certification criterion.

3

CHAPTER II
OBJECTIVES

The main study objective was to determine the spatial distribution of clearcut
forest harvest patterns using random, clumped, or uniform classifications. These
classifications can be incorporated into models customized to fit user needs, such as the
allocation of predicted forest growth, that predict harvest patterns based on observed
historic patterns. The successful development of a spatial distribution model would lead
to incorporation of the model into the Mississippi Institute for Forest Inventory (MIFI)
Dynamic Inventory Reporter computer-based decision support system (DSS) (Figure 1)
developed at the Forest and Wildlife Research Center (FWRC), Mississippi State
University (Matney and Schultz 1999). It will aid in the assessment of the availability of
feedstock forests needed to sustain existing and future forest products (e.g., bio-energy,
lumber, veneer, OSB, plywood, pulp, engineered wood) based mills. The model will
eliminate the time and need for acquiring and interpreting imagery data to obtain the
same information. In conjunction with increasing coverage and availability of GIS road
data, the model will serve as a tool to develop efficient transportation networks thus
making information concerning the proximity of forest feedstock available to mills.
Other applications include the determination of: 1) impacts on wildlife habitat corridors
and fragmentation and 2) forest adjacency standards and clearcut size limit criteria for
ownerships in need of this information to meet certification standards.
4

Figure 1

Mississippi Institute for Forest Inventory (MIFI) Dynamic Inventory
Reporter decision support system (DSS) example interface selection of a
30-mile radius working circle with transportation layer (foreground
images) and associated inventory report (background table) (adapted from
Jones et al., 2010).
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CHAPTER III
LITERATURE REVIEW

Land Cover Type Imagery Classification and Change Detection
Automated or semi-automated classification techniques can be used to generate
land cover data using a temporal series of multi-spectral satellite imagery (Magnussen et
al. 2004, Petit et al. 2001). Land cover data, such as area-referenced 1:100000 or
1:250000 scale historical land use land cover (LULC) data developed by the US
Geological Survey (USGS), can also be derived by manually interpreting aerial imagery
using information from field surveys and earlier land use maps (Perry et al. 2002).
Several land cover types can be identified, with some of the most common classifications
being agricultural, bare ground forest, water, and urban development land cover types
(Magnussen et al. 2004, Petit et al. 2001).
Classification of land cover types can be performed on Landsat TM imagery to
identify clearcut harvest areas. Software such as Erdas Imagine® (Leica Geosystems
2003) and eCognition® (Definiens Imaging, 2003) are available to perform such image
analyses. Within Landsat TM images, spectral data comprised of relative reflectance
values are provided for each pixel. Land cover type is determined from the reflectance
values for each pixel that meet a predetermined set of statistical constraints (Magnussen
et al. 2004). Two common methods for determining land cover type are pixel-by-pixel
and contextual classification approaches. Contextual classification attempts to increase
6

classification accuracy over pixel-by-pixel by using relationships between neighboring
pixels (Magnussen et al. 2004). Spatial resolution of an image, defined as the area on the
ground represented by a single pixel, also affects classification accuracy (Chen et al.
2004). Chen et al. (2004) revealed that more heterogeneous or fragmented landscapes
require finer resolution imagery than homogeneous landscapes to maintain classification
accuracy. Landsat TM imagery has a spatial resolution of 30 meters and has been used in
many studies to effectively classify forest cover types in evaluating forest resources
(Evans 1994, Magnussen 2004, Parker et al. 2005).
Changes in land cover type can be revealed using a temporal series of classified
imagery and applying image differencing techniques (Petit et al. 2001). Petit et al. (2001)
quantified spatial and temporal change in land cover, identified locations where change
was occurring and projected future land cover using multi-spectral Systeme Pour
l’Observation de la Terre (SPOT) images. The data were used to test the accuracy of a
Markov chain model for projecting future land cover. The authors found that it was
possible to successfully discriminate between ten different classes and determine the rate
and location at which the change among classes occurred. Land cover change projections
for sandy soils, settlements, woody savannahs, and cultivated land with crops were
poorly estimated but change estimates for water, forests, herbaceous savannahs, riverine
forests, harvested agricultural land, and reeds were reasonably accurate. Assuming
transition probabilities remain constant, projected land cover changes using the Markov
chain model showed a continuing trend in some land covers. The Markov chain model
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was only accurate for short-term projections and unreliable projections were evident for
prediction periods exceeding ten years because for periods exceeding a decade, changes
in land cover do not generally exhibit stationarity.

Pattern Detection
The three basic spatial patterns are distinguishable in multi-spectral land cover
data (Ludwig and Reynolds 1988). These patterns are described as random, clumped,
and uniform. The objective of detecting spatial patterns is to form some hypothesis as to
the causal mechanism(s) of the pattern(s) (Ludwig and Reynolds 1988). Knowledge of
causal mechanisms can then be used to create models to predict future distributions of the
same or similar land cover. Spatial pattern analysis (SPA) can also be used to assess
patterns over time through repeated studies of the same area. SPA models take into
account the abundance and distance between land cover types within a study area when
classifying a spatial pattern.
One method for detecting and measuring spatial patterns involves sampling the
number of land cover types within a sample unit (quadrant) in a given study area.
Quadrants can be derived by applying an arbitrary grid pattern over the study area. It is
important to note that grid quadrant size will affect the detection of underlying spatial
patterns. A frequency distribution is derived from the number of occurrences of a
particular land cover type (represented by a pixel value) occurring within a given
quadrant and forms the basic data set used to detect a spatial pattern. With random
dispersal, each quadrant has an equal chance of containing a particular land cover type.
This implies that the presence of one pixel value does not influence whether there will be
8

more pixels of the same value. A clumped pattern is identified by quadrants with a
greater occurrence of a particular pixel value. A uniform dispersion pattern is indicated
when the majority of the quadrants within the study area have roughly the same number
of pixels of a particular value.
Each pattern will have the same mean for a given study area but the variance is
strongly affected by the dispersal pattern. The random pattern has a variance close to the
mean. The clumped pattern has a variance noticeably greater than the mean whereas the
uniform pattern’s variance is noticeably less than the mean. The variance-to-mean
relationships of the different distribution patterns have led to the use of certain statistical
models to represent each pattern. The Poisson distribution (σ2 = μ) is representative of
random patterns, negative binomial (σ2 > μ) for clumped, and positive binomial (σ2 < μ)
for uniform patterns. These models are commonly used in spatial pattern analysis but
other statistical models exist that are equally appropriate (Ludwig and Reynolds 1988).
Ripley’s K function can also be used to analyze completely mapped spatial point
process data (Dixon 2002) that contain locations of all events occurring within a given
study area. This method is helpful when analyzing data within areas of arbitrary shape.
Some point processes can vary between random, clustered, or uniform depending on the
scale of a sampled area. For instance, when sampling a small portion of an overall study
area the result could be uniform but when the entire study area is considered the result
can be clustered. A plot of the K function can reveal this characteristic pattern.
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Ripley's K function may be defined as:
K(t) = λ-1E

(3-1)

where,
λ = density (number per unit area) of events
E = the number of extra events within distance (t) of a randomly chosen event.
Perry et al. (2002) give four recommendations for choosing a method for data
analysis. First, visually inspect data for patterns using maps or grids. Second, use
statistical methods that will best represent visual analysis findings. Third, the method
should be able to answer questions posed and provide relevant spatial information. Last,
use several different tactics to identify spatial characteristics in the data because the use
of just one approach may exclude valuable information.
Statistical calculations can be performed using R software (R Development Core
Team 2009) which is an integrated suite of software facilities for data manipulation,
calculation, and graphical display. R is an environment where statistical techniques can
be implemented using functions built into the base R environment or by using additional
packages better suited for a particular application. Some standard and recommended
packages are supplied with R and many more are available through the Comprehensive R
Archive Network (CRAN) family of Internet sites (http://CRAN.R-project.org) and
others. The software is capable of performing quadrant tests and implementing Ripley’s
K-function. Similar software exists that is capable of performing these same functions.

10

Forest Products/Bio-energy Mill Placement
The capability of predicting future location, age, and tree species composition in
forested areas helps to facilitate forest products/bio-energy mill location decisions.
Optimal mill placement can be described as a location that minimizes procurement and
market distribution costs (Cheung and Wang 1996). Factors considered during mill
placement include timber availability, wood costs, species type, planned mill capacity,
availability of labor, workforce education levels, market demand, and others. The timber
harvest area where the mill obtains its raw material is referred to as the mill’s woodshed
or procurement area (White and Carver 2002).
Distance to the mill is used as an indicator of procurement zone size. In the
South, the majority of pulpwood is transported a distance less than 201 km and most saw
logs are transported less than 80 km (LeDoux et al. 2001). Distance from the timber
harvest area to the mill has a direct effect on procurement transportation costs. Studies
have shown this effect but use straight line distance from the harvest area to the mill site
(McCauley and Caulfield 1990) which greatly underestimates actual travel distance. A
more accurate assessment could be performed using highway route networks made
possible by recent advances in GIS software (Jones et al. 2010).
A mill could adopt a perfect (spatial) discriminatory pricing policy where each
consumer is treated as a separate market and charged a different price dependant on
location (Cheung and Wang 1996). Having more accurate information about travel
distance from the resource to the mill would increase confidence in the price set.
Conversely, a mill could opt for a uniform pricing policy which charges the same price
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regardless of location. Of these two methods, perfect discriminatory pricing is more
profitable for the mill allowing the mill more flexibility in pricing to maximize profits.

Wildlife Habitat Requirements
The ability to estimate timber age class proportionally in an area has important
implications for the availability of suitable wildlife habitat. Different age class timber is
important to wildlife habitat requirements and flora and fauna species diversity. Tract
size and distance to other required habitats used by the same species are important habitat
attributes as well.
The eastern wild turkey is one example where a wildlife species requires a rich
mosaic of habitats for survival. Unlike a clustered timber harvest distribution pattern, a
random pattern of timber harvests would create this needed mosaic of different forest age
class habitats. Eastern wild turkey require different types of habitat depending on the
season and/or life stage. Studies conducted in Alabama (Yarrow and Yarrow 2005) have
shown that poult mortality is directly related to the proximity of nesting sites to brood
rearing habitat. Nesting habitat consists of well-developed herbaceous vegetation and
shrubs up to three feet high that provide visual protection from predators. This type of
cover can be in the form of open forest stands with well developed understories, three- to
five-year-old abandoned fields, three- to seven-year-old timber regeneration sites, utility
rights-of-way, and forest-field edges. Nests are usually located next to stumps, logging
slash, bases of trees, or vine covered brush.
Preferred brood rearing habitat for eastern wild turkey may be in the form of
agricultural field borders, old fields, pastures, or new forest regeneration sites that
12

provide an ample supply of insects, seeds, and tender vegetation. One-half to threefourths of hatched poults will not survive to be two weeks old. This high mortality is
mainly due to predation. Poults may follow the hen up to two miles from the nest site to
brood rearing habitat. Shorter travel distances between habitat types for poults greatly
increases their chance of survival.
Wildlife managers could benefit from the use of harvest distribution data in
determining the cause of an increase or decline in a given wildlife species population.
Managers could also better regulate wildlife population numbers given a foreseen change
in habitat availability. If a degradation of habitat is foreseen, it may be feasible to
decrease bag limits or shorten hunting days to keep species populations stable in affected
areas.
Forested corridors can help alleviate the adverse effects of habitat fragmentation
for many wildlife species (Dixon et al. 2006) by facilitating gene flow between separated
populations. Dixon et al. (2006) evaluated the effectiveness of a corridor that linked two
separate populations of Florida black bears (Ursus americanus floridanus). The study
used non-invasive hair-snare sampling techniques to collect movement and genetic data.
Hair collected from snares located within the corridor showed a mixing of genes from the
two populations indicating the corridor did provide a means of gene flow.
Corridors also provide a means of travel between different habitat types. This is
especially important for the eastern indigo snake where seasonal influences dictate the
type of habitat utilized (Hallam et al. 1998). In the winter, they can primarily be found in
or around gopher tortoise (Gopherus polyphemus) burrows. Beginning in May they
become more active and may travel long distances to flatwoods or creek-bottom areas.
13

They can also be found foraging in wetland areas and windrows during the spring and
summer months. Because eastern indigo snakes depend on different habitat types, they
need large areas undivided by roads or other developments which present a hazard as the
snakes travel between habitat types. Habitat fragmentation has been a major contributor
to the decline of eastern indigo snakes (Hallam et al. 1998). Historically, their range
included the coastal plain of the southeastern United States from South Carolina to
Mississippi. Their range has been drastically reduced, although reintroductions are in
progress in Alabama and Mississippi.

Forest Certification
Forest certification is a process used to recognize forests that meet specific
certification standards geared toward sustainability (Rickenbach et al. 2000). Forest
resource sustainability embraces the ecological, economic, and social aspects of forest
management. Industrial corporations and government agencies hope to gain public
approval concerning social and environmental issues by having their forests certified. In
addition, family forests are increasingly becoming certified as well. Wood products
companies hope to gain market advantages by offering products with certified forest
labels which signify that good environmental practices have been used when producing
wood used for their products.
Currently, there are four primary certification programs in the United States
(Rickenbach et al. 2000). The different programs include the American Tree Farm
Council, Forest Stewardship Council (FSC-US), Green Tag, and The Sustainable
Forestry Initiative (SFI). The American Tree Farm Council was created in 1941 and is
14

now sponsored by the American Forest Foundation (AFF). Membership is provided to
participants who have passed tree farm inspections performed by AFF appointed
inspectors. In 1993, the FSC-US was created by the Worldwide Fund for Nature and
other environmental organizations along with industry and acedemia to help protect
tropical forests and also to help tropical timber producers avoid boycotts by the
environmentally sensitive European wood products market. The FSC approves of thirdparty auditing bodies who can assess their client base to FSC standards. Clients include
forest industry, TIMOs and REITS, government agencies, non-governmental agencies,
and family farms. Green Tag was developed by the National Forestry Association for
woodland owners. SFI was developed by the American Forest & Paper Association
(AF&PA), an industry trade group. Membership was primarily composed of
participating companies but is now expanding to include outside private and public
entities.
Certification programs are either systems-based or performance-based. The
landowner is responsible for setting up environmental performance guidelines in a
systems based certification program. A performance based program uses a
predetermined certification system, complete with a standard for performance, which
includes ecological, social, and/or economic criteria. These criteria, whether systems or
performance based, have restrictions on harvest area size and wildlife habitat
fragmentation.
Some criterion are geared toward providing important ecological benefits at such
as maintaining or restoring the diversity of plant and animal communities, wildlife
habitats and habitat connectivity, and ecological functions at the landscape level (FSC
15

2010). Factors contributing to the overall diversity in a landscape include the size and
spatial distribution of forest management units and their associated number and genetic
composition of species, age classes and structures. This research will attempt to address
the fore mentioned issues by computing clearcut harvest size statistics and determining
the spatial distribution of these harvests and their associated age and forest type.
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CHAPTER IV
METHODS

Age Change Detection Accuracy Assessment
A contiguous four-county area in east-central Mississippi which consists of
Choctaw, Clay, Oktibbeha, and Winston Counties was chosen as the study area (Figure
2). Forest type and age layers were created by research associates at the Spatial
Information and Technologies Laboratory (SITL) in the Forest and Wildlife Research
Center (FWRC) at Mississippi State University. In 1999, approximately 697 random
plots were installed in forested areas located in the four-county area for a pilot forest
inventory project (Parker et al. 2005). The same plot locations were also used in this
study to check the accuracy of the GIS harvest area layer that was generated using land
cover change detection methods. Erdas Imagine® software was used to generate GIS
timber type layers (i.e., pine, hardwood, mixed pine-hardwood) using 1999 Landsat TM
multi-spectral data for the study area. Age layers were also generated using Imagine
software based on historical 1972 to 2005 Landsat TM multi-spectral data. Clearcut
harvests were identified as areas classified as a forest cover type in 1999 and then a
change to a nonforest cover type was detected in the time period 1999 to 2005.
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Figure 2

Contiguous four-county study area in east-central Mississippi consisting of
Choctaw, Clay, Oktibbeha, and Winston Counties used to conduct clearcut
harvest spatial distribution analalysis.

Harvested areas were identified using an existing age layer generated from the
1972 through 2005 historical data created by research associates at the Spatial
Information and Technologies Laboratory in the Forest and Wildlife Research Center at
Mississippi State University. All areas greater than or equal to eight acres were
considered as feasible timber harvests and only these areas were used for data analysis.
Areas less than eight acres are not generally considered commercial timber harvests due
to the low cost efficacy of logging small areas. These areas were likely the result of
small artifacts created during image classification and analysis, right-of-way clearing, or
other forms of tree removal that do not contribute to the overall volume of timber
delivered to mills. ESRI® ArcMapTM was used to perform a statistical analysis on the
adjusted harvested area data to determine minimum, maximum, average, standard
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deviation, and total harvested acreages for the 4-county area in the 6-year period (ESRI
2009). The 1999 pilot plot locations were overlaid onto the 2005 harvested area map and
examined to distinguish between harvested and non-harvested plot locations. All plots
categorized as harvested by GIS data were visited and visually inspected to determine if
they were actually harvested. The percentage of plots incorrectly identified as harvested
within the GIS database was determined. Fifty pilot plots categorized as not harvested
by the GIS database were randomly selected and visited to get an estimate of variance for
determining required sample size. The allowable error for the sample size estimation was
15% at the 95% confidence level. If more than 50 plots were required, additional plots
would be sampled until the 15% or less allowable error threshold was achieved. Plots
were visually inspected to determine the percentage of plots incorrectly identified within
the GIS database as not harvested. If error due to misidentification of harvested and nonharvested plots is significant, it could be randomly re-allocated by adjusting calculations
of associated GIS estimated harvest and forest acreages.

Characterization of Spatial Distribution of Harvests
The GIS age layer generated from 1972 to 2005 Landsat TM data was used to
identify the areas harvested during the 6-year period for the entire 4-county area. The
“select feature by attribute” tool in ArcMap was used to select all areas with regeneration
ages after 1999. All areas indicated by GIS data as harvested that were equal to or larger
than eight acres were considered feasible harvest areas. An ArcMap add-on extension
“XTools Pro” developed by Data East LLC was used to find the centroids of harvest area
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polygons (Data East LLC 2006). These centroids comprised the observed points used in
the distribution analysis and retained all attribute data of the harvest area polygons from
which they were derived.
The study area was divided into four separate areas, designated as areas 1-4, to
provide comparative views to determine repeatability or inconsistency of results. To
accomplish this, three horizontal division lines were strategically placed so as to reduce
border irregularity that could adversely affect data analysis (Figure 3). Spatial pattern
analysis was performed for each of the four areas and for the overall area. Large areas
that contribute little or no volume to the overall commercially available timber volume
were masked out before analysis using data derived from the Mississippi Automated
Resource Information System (MARIS) and National Agricultural Imagery Program
(NAIP) (MARIS 2005, USDA Farm Service Agency 2005). These land areas included
national forests, national wildlife refuges, intensive agriculture use areas, and major cities
(Figure 3). After placing the divisions and applying the masks separate shapefiles
representing the polygonal boundaries for each of the four areas and the area as a whole
were created using ArcMap and used as the “sample windows” for the analyses.
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Figure 3

East-central Mississippi four-county study area showing area divisions
available for spatial analysis of 1990 to 2005 harvesting patterns, with
masked nonforest areas removed (red border) and county outlines (grey
border).

In addition to the observed points, ArcMap was used to generate simulated
clustered, random, and uniform point patterns equal to the number of 1,789 observed
points (i.e., harvest polygon centroids) for Area 4. Area 4 was chosen because it had less
border irregularity thus improving the reliability of assessments. These generated point
patterns were also included in the pattern analysis to serve as a reference for comparison
with the observed point patterns. The analysis for the simulated point patterns will
generate a graphical output that can be used as a universal comparison with all the areas
in the study because it is a general illustration of what clustered, random, and uniform
patterns for any area would resemble.
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The point pattern analysis performed to determine the spatial distribution of
clearcut harvests was conducted using R software (R Development Core Team 2009).
The “Kest” command found in the “spatstat” package of R (Baddeley and Turner 2005)
was used to estimate Ripley’s reduced second moment function K(r) for each point
pattern. Edge corrections were included to reduce bias caused by edge effects
attributable to unobservability caused by the lack of points lying outside the specified
sample window. Three different edge correction methods were used for each point
process analysis. First, the correction method “translation” can be used with all window
geometries but can be slow (computationally intensive) for complex (highly irregular
border) windows. Second, Ripley’s isotropic correction can be used for rectangular and
polygonal sample windows (not intended for binary masks). Third, the correction
method termed “border” or “reduced sample” estimator is compatible with windows of
arbitrary shape but is the least efficient statistically but fastest to compute. The threshold
of “nlarge” for the edge correction was set to “Inf” to ensure all sample points were
included in the Kest analysis and not solely the border correction. The graphical outputs
from this procedure were examined to determine the spatial distribution pattern of the
point process being analyzed. Additionally, ArcMap was used to calculate the Euclidean
distance for all harvest area centroids to their nearest neighbor for the overall study area.
From these distance values, the maximum, minimum and average distance between a
centroid’s nth-neighbor were reported.
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CHAPTER V
ACCURACY ASSESSMENT RESULTS AND DISCUSSION

ArcMap was used to analyze age layers of the 1999 and 2005 multi-spectral data
to determine areas harvested during the 6-year period for the entire 4-county area. The
resulting harvest area map is illustrated in Figure 4.
ArcMap was used to analyze all 697 pilot inventory plots to identify plots located
in “harvested” areas. GIS data indicated there were 181 harvested plots. All 181 plots
categorized as harvested by the GIS data were visited in the field and inspected to
determine if they were actually harvested. Field verification revealed that 171 plots were
harvested, leaving a difference of 10 non-harvested plots and a commission error of
5.52% (Table 1). Some of the classification error could be due to partial cuts observed at
three of the plot locations.

Table 1

Accuracy assessment of four-county, east-central Mississippi inventory
plots the Geographical Information System (GIS) indicated as harvested.

Total number of GIS indicated harvested plots
Number of actual/verified harvested plots
Number of GIS indicated harvested, but not harvested
% Commission Error

181
171
10
5.52
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Figure 4

Clearcut harvest areas (shaded in red) for Choctaw, Clay, Oktibbeha, and
Winston Counties in Mississippi derived from 1999 to 2005 Landsat
multi-spectral data.

24

Fifty randomly selected plots categorized as “not harvested” by the GIS database
were used to establish an estimate of variance from which a required sample size was
determined. Upon field verification 44 of the 50 plots were confirmed not harvested, and
six plots harvested, resulting in an omission error of 12.0% (Table 2). The allowable
error for the sample size estimation was a 15% error at the 95% confidence level. Since
the actual error was below the 15% threshold additional sample plots were not required.

Table 2

Accuracy assessment of four-county, east-central Mississippi inventory
plots the Geographical Information System (GIS) indicated as not
harvested.

Total number of GIS indicated not harvested plots
Number of actual/verified not harvested plots
Number of GIS indicated not harvested, but were harvested

50
44
6

% Omission Error

12.00
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CHAPTER VI
SPATIAL PATTERN ANALYSIS RESULTS

Figures 5-8 were produced using R statistical software and show the observed
harvest centroids located within their respective sample window boundaries.

Figure 5.

R statistical software spatial analysis output showing observed harvest
area centroids for 1999-2005 clearcut harvest areas within the four-county,
east Mississippi sample window for Area 1.

Figure 6

R statistical software spatial analysis output showing observed harvest
area centroids for 1999-2005 clearcut harvest areas within the four-county,
east Mississippi sample window for Area 2.
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Figure 7

R statistical software spatial analysis output showing observed harvest
area centroids for 1999-2005 clearcut harvest areas within the four-county,
east Mississippi sample window for Area 3.

Figure 8

R statistical software spatial analysis output showing observed harvest
area centroids for 1999-2005 clearcut harvest areas within the four-county,
east Mississippi sample window for Area 4.

Using Ripley’s K function for spatial pattern detection, the spatial distribution of
clearcut forest harvests was found to be random for areas 1-4 when examined separately
and as a whole (Figures 9-13). These figures show Ripley's isotropic correction estimate
of K(r) "iso" as a solid black line, the translation-corrected estimate of K(r) "trans" as a
dashed red line, the border-corrected estimate of K(r) "border" as a dotted green line, and
the theoretical Poisson K(r) "theo" as a dashed blue line, where (r) represents the distance
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argument. A standard interpretation of the graphical depiction is that if the estimated K
function curve lies above the theoretical curve, the pattern is clustered, and if it lies
below, it is considered uniform. Each graph showed some slight variation from the
others but all estimates followed the theoretical Poisson K(r) curve closely.

Figure 9

R statistical software spatial distribution analysis output showing estimates
of K(r) for observed clearcut harvests within Area 1 of the four-county,
east-central Mississippi study area where close association with the
Poisson K(r) “theo” line indicates random occurrence of harvests.
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Figure 10

R statistical software spatial distribution analysis output showing estimates
of K(r) for observed clearcut harvests within Area 2 of the four-county,
east-central Mississippi study area where close association with the
Poisson K(r) “theo” line indicates random occurrence of harvests.

Figure 11

R statistical software spatial distribution analysis output showing estimates
of K(r) for observed clearcut harvests within Area 3 of the four-county,
east-central Mississippi study area where close association with the
Poisson K(r) “theo” line indicates random occurrence of harvests.
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Figure 12

R statistical software spatial distribution analysis output showing estimates
of K(r) for observed clearcut harvests within Area 4 of the four-county,
east-central Mississippi study area where close association with the
Poisson K(r) “theo” line indicates random occurrence of harvests.

Figure 13

R statistical software spatial distribution analysis output showing estimates
of K(r) for observed clearcut harvests within all four areas examined as a
whole of the four-county, east-central Mississippi study area where close
association with the Poisson K(r) “theo” line indicates random occurrence
of harvests.
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Area 1 “border” estimate of K(r) showed the greatest deviation from a random
pattern (Figure 9) with deviation beginning around 4,200 units. This deviation was
probably due more to the complex irregular shape of the sample window (Figure 5) rather
than the distribution of points and would be the least reliable analysis of the sample data.
Other estimates of K(r) for Area 1 showed some slight deviation from the theoretical
Poisson K(r) curve but the overall trend was indicative of complete spatial randomness
(CSR). This difference illustrated the importance of utilizing multiple border correction
methods when dealing with irregular shaped sample windows to produce a reliable data
analysis. Analysis of data within irregular polygons without using a border correction
was highly discouraged by Baddeley and Turner (2005). Analyses of Areas 2, 3, 4, and
all four areas examined as a whole showed the long-term trend of the plotted observed
data to be indicative of CSR (Figures 10-13). Plotted Ripley’s K estimates of the
observed data utilizing the various border correction methods suggested clearcut harvests
occurred randomly.
The following analyses results are for the “simulated” point pattern data that were
included to provide a reference for comparison against observed sample data. A Ripley’s
K estimate of the simulated random point pattern (Figure 14) generated for Area 4 using
the “Create Random Points” tool in ArcMap showed close association of the border
corrected trend lines with the Poisson K(r) “theo” line indicative of CSR as expected
(Figure15). Analysis of the simulated uniform (Figure 16) and clustered (Figure 18)
point patterns for Area 4 are illustrated in Figures 17 and 19, respectively.

The

simulated uniform point pattern data example clearly showed a stair-step line that broke
significantly above and below the theoretical Poisson K(r) line several times indicating a
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finite number of possible distances between points, because of the discrete spatial pattern
and therefore a non-random occurrence of points. The clustered data example (Figure
19) showed the estimates of K(r) lying well above the theoretical Poisson K(r) curve
suggesting clustering of points as expected.

Figure 14

R statistical software spatial analysis output showing a simulated random
point pattern generated using ArcMap representing clearcut harvest area
centroids within the four-county, east Mississippi sample window for Area
4.
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Figure 15

R statistical software spatial distribution analysis output showing estimates
of K(r) for a simulated random point pattern representing clearcut harvests
within Area 4 of the four-county, east-central Mississippi study area where
close association with the Poisson K(r) “theo” line indicates random
occurrence of harvests.

Figure 16

R statistical software spatial analysis output showing a simulated uniform
point pattern generated using ArcMap representing clearcut harvest area
centroids within the four-county, east Mississippi sample window for Area
4.
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Figure 17

R statistical software spatial distribution analysis output showing estimates
of K(r) for a simulated uniform point pattern representing clearcut harvests
within Area 4 of the four-county, east-central Mississippi study area where
a stair-step line passing through the Poisson K(r) “theo” line indicates a
finite number of possible distances between points, because of the discrete
spatial pattern and therefore a non-random occurrence of harvests.

Figure 18

R statistical software spatial analysis output showing a simulated clustered
point pattern generated using ArcMap representing clearcut harvest area
centroids within the four-county, east Mississippi sample window for Area
4.
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Figure 19

R statistical software spatial distribution analysis output showing estimates
of K(r) for a simulated clustered point pattern representing clearcut
harvests within Area 4 of the four-county, east-central Mississippi study
area where significant deviation away from and above the Poisson K(r)
“theo” line indicates a clustered occurrence of harvests.

Minimum, maximum, and average Euclidean distance measurements between all
centroids and their nearest neighbor in the entire study area are as follows: 35.63m
(116.90ft), 1,802.62m (5914.11ft), and 477.25m (1565.78), respectively. Harvest area
statistics such as average harvest size by forest type are given in Table 3.
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Table 3

1999-2005 clearcut harvest area statistics categorized by forest type for
each of the four separate areas and for all four areas examined as a whole
within the four-county, east-central Mississippi sample window derived
from Geographical Information System (GIS) age and forest type layers
generated from 1972-2005 Landsat TM data.
Pine

Hardwood

Mixed

Total Acres

StdDev.

Average

Maximum

Minimum

Total Acres

StdDev.

Average

Maximum

Minimum

Total Acres

StdDev.

Average

Maximum

Minimum

······························Acres·····························

Area
8.04 707.92 45.74 66.17 12,122.23 8.07 479.33 46.53 64.88 22,335.57 8.01 362.26 41.90 52.34 7,835.09
1
Area
8.18 644.64 51.92 69.46 20,976.32 8.02 497.11 45.89 55.99 14,409.07 8.01 294.10 40.01 45.35 11,002.18
2
Area
8.05 371.83 45.31 57.19 16,221.86 8.39 468.42 43.58 57.41 12,419.73 8.06 419.85 40.87 54.23 10,339.06
3
Area
8.00 635.15 44.34 63.88 36,045.01 8.03 415.68 38.53 51.35 19,033.03 8.02 602.76 37.30 50.89 18,051.77
4
Total
8.00 707.92 46.39 64.28 85,365.42 8.02 497.11 43.35 57.80 68,197.40 8.01 602.76 39.39 50.61 47,228.09
Area
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CHAPTER VII
DISCUSSION AND CONCLUSIONS

Reallocation of Timber Volumes
The study results demonstrate that it is possible within the MIFI DSS to generate
random simulated clearcut harvest areas and assign acreage values to the resulting areas
given the demonstrated strong theoretical pattern to actual observed pattern predictability.
Generation of the predicted spatial distribution pattern will be accomplished using the
cumulative distribution function of the Kth nearest neighbor. This procedure can be
implemented using the R software or by using C++ compiler software to incorporate code
directly into the MIFI DSS program. Acreage values can be adjusted according to the
error determined from a harvested area accuracy assessment. Acreage error will be reallocated randomly when assigning acreages to simulated harvest areas. Generation of
random harvests will incorporate Euclidean distance data derived from the four-county
clearcut harvest data to set a minimum distance constraint between harvest areas. The
distribution of minimum distances of the first nearest neighbor for all centroids observed
in the sample data will be used as the constraint. Acreage values can also be derived
from the four-county clearcut harvest data and randomly assigned using the distribution
of harvest areas.
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Harvested areas may be allocated back to a given region using the cumulative
distribution function of nearest neighbors and a random pattern will make computations
easier as compared to non-random patterns. Using area data variables such as clearcut
size statistics (i.e., min, mean, max, stddev) in conjunction with the cumulative
distribution function of nearest neighbors, it is possible to assign harvest volumes back to
a specified area. Given the spatial distribution of harvests is random and with all other
variables constant, it is feasible to estimate growth and drain without the use of imagery
for a specified area. Through the use of these methods one has the potential to detect if
actual harvest volumes are increasing, decreasing, or remaining constant. It will also be
possible to estimate the proportion of age classes for past, present, and future forests.
Factors that influence harvest patterns are highly complex. These factors can
enhance each other, have a neutralizing effect, or be the result of one another. For
example, if more biofuel mills are constructed in the future, the government may develop
new, or increase existing, landowner incentives for conversion of farmland into
forestland to meet the increased demand for feedstock.
Large predominately nonforested areas such as the ones masked in this study do
not contain a large amount of timber and are not relied upon heavily by the timber
industry for forest feedstock. The exclusion of these areas is an attempt to define the
results of this study as being based on operational areas with respect to the timber
industry. These areas can be easily recognized with aerial or satellite imagery. To attain
better estimates of volume, large nonforested areas will have to be identified and
adjustments made on an individual basis during reallocation of timber volumes for a
selected region. A separate statistical analysis could be performed on these identified
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areas. Also, better estimates of volume could be attained through advances in imagery
analysis to determine stand density. These advances should enable the recognition of
partial harvests which could be included in future harvest pattern analyses.
The determination that clearcut harvests occur randomly will reduce the
complexity of timber volume allocation algorithms. Less effort will have to be employed
to determine the reason why a pattern is clumped or uniform and then try to incorporate
cause and effect into a reallocation model. A random pattern will allow the model to
cover a larger area than those with clumped or uniform patterns. Clumped and uniform
patterns would likely be the result of local factors unique to a small area and would not
be consistent with large regions. It is feasible to identify and exclude large nonforest
areas such as the masked areas in this study and assume clearcut harvests occur randomly
across the remaining forested area.

Forest Certification Systems
A random distribution of harvests would be desirable for meeting adjacency
standards called for by some forest certification system standards. Random distributions
would generally favor greater distances between harvests than clumped patterns and this
would be preferable from a number of standpoints (e.g., wildlife habitat issues, forest
structure, forest species diversity) all of which are factors considered by certification
system standard developers. Clumped patterns may place harvest areas adjacent to each
other creating larger harvested areas that exceed clearcut size limit criterion. However,
this needs to be looked at in terms of retention areas on harvested sites, which can permit
larger harvest areas.
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Wildlife Implications
A random distribution of harvests would also benefit many wildlife species by
providing greater habitat diversity per given area. A clumped pattern could leave some
areas devoid of essential habitat types needed for survival by select wildlife and could
lead to a decrease in population numbers and/or health as a result. This could also
impede movement across these unsuitable areas and lead to isolated populations of
species requiring a variety of successional forest habitats. Again, these areas still need to
be looked at in terms of what exists in the overall landscape for a region. Since most
certification system standards address wildlife concerns, this would will also aid in
meeting certain criteria for organizations seeking to be certified.

Future Plans and Considerations
Future studies should address changes in harvest patterns over time or by
ownership to determine if changes need to be implemented in the model incorporated into
the MIFI DSS. In addition to clearcut harvests, advancements in land cover classification
may be able to accurately locate thinned harvest areas which would provide more harvest
area data to be included in the model. Methods that help define and distinguish actual
individual harvest area polygon boundaries need to be assessed such as the possible use
of the “erode” or “dilate” features available in the “Feature Analyst” extension designed
for ArcMap, ERDAS Imagine, and other GIS platforms (VLS 2011). These features can
be used to constrict, separate 2 or more harvest areas that blend together as one, or
expand, connect harvest areas separated by small divisions such as a roads or streamside
management zones (SMZ's) that is in effect a single harvest.
40

Re-analysis and updates to spatial distribution pattern data used in the model are
needed at five-year intervals due to the frequency of harvesting events and sensitivity of
Landsat TM data analysis to detecting these events. Harvest patterns should remain
relatively unchanged for time periods less than five years. However, some factors that
could contribute to changes within this time frame are political decisions, , a change in
the number or types of forest product mills (like mill conversions or increase in biofuel
mills), ownership changes (sale of industrial timberland), urbanization, conversion of
farmland to forestland, taxes (such as estate taxes), environmental concerns, timber prices
(a need for cash flow), timber supply chain issues (logger business climates), weather
(drought allowing access to otherwise wet inoperable areas), and forest certification
criterion.
This study is part of the ongoing effort to increase the accuracy of the existing
MIFI DSS database through the incorporation of spatial distribution information. A
random pattern was observed but some areas were more or less random than others and
the possibility of varying degrees of clumping or uniformity cannot be totally ignored
because of the dynamic nature of factors that influence harvesting. This research is in the
initial stages and can be used as a foundation on which to build as advancements in
information and technology allow.
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